Introduction
The goal of personalized medicine is to optimize the tailoring of treatments to specific patients in order to maximize the treatment response, which, as a prerequisite, requires accurate patient phenogrouping. The syndrome of heart failure (HF) comprises particularly heterogeneous patient groups, burdened by limited success of some treatment options. Machine learning (ML) approaches have been applied in the diagnosis, classification, assessment of readmissions and medication adherence of HF patients, 1 as well as to identify distinct phenogroups in several disorders, including HF with preserved ejection fraction (HFpEF), 2, 3 and to predict mortality in patients with suspected coronary artery disease. 4 Supervised ML involves using iterative algorithms that 'learn' from a large accurately labelled training dataset 5 ; while often diagnostically 'accurate', it is generally impossible to infer the 'diagnostic reasoning' employed in these algorithms. Unsupervised approaches, however, do not attempt to identify a diagnostic or prognostic 'truth' but instead group (or cluster) patients together based on multiple characteristics, which could be demographic, historical, or measured. By grouping similar patients together in multiple dimensions, it is then possible to analyse the characteristics of similarly grouped individuals and relate them to outcomes or therapeutic responses. We have previously shown that unsupervised Multiple Kernel Learning (MKL) can be applied to find similarities among patients, based on a wide range of heterogeneous data, such as complex imaging-based descriptors of ventricular structure and function, in an 'agnostic' manner 2 . One such area where more accurate phenogrouping could improve selection of patients is cardiac resynchronization therapy (CRT) which, despite clear guidelines for which patients should be treated, a substantial proportion of patients do not respond to this therapy. 6 -9 We hypothesized that novel approaches based on ML, integrating clinical parameters with complex echocardiographic data on myocardial deformation and left ventricular (LV) volume changes measured over the entire cardiac cycle might be able to overcome some of the limitations of traditional approaches to patient selection for CRT, and provide an example of how ML can be utilized to better phenogroup patients with HF with respect to both outcomes and response to therapy. We therefore utilized data from Multicenter Automatic Defibrillator Implantation Trial with Cardiac Resynchronization Therapy (MADIT-CRT), a large randomized clinical trial of 1820 patients with New York Heart Association (NYHA) functional class ≤ II symptoms, LV ejection fraction (LVEF) ≤ 30% and QRS ≥ 130 ms, 10 to determine whether unsupervised ML could aid in the identification of patients likely to respond to CRT.
Methods

Study population
The design and results of MADIT-CRT have been published previously. 10, 11 In brief, the MADIT-CRT trial enrolled 1820 patients from patients with ischaemic heart disease (in NYHA class I or II) or patients with non-ischaemic heart disease (in NYHA class II) in sinus rhythm with an LVEF ≤ 30%, and a QRS duration ≥ 130 ms, who were randomly assigned in a 3:2 ratio to receive a CRT-D or an ICD alone. All recruited subjects met guideline indications for ICD therapy. 12 The main objective was to determine whether CRT-D reduces the risk of death or HF events compared with ICD. The average follow-up period was 2.4 years. The protocol was approved by the institutional review board at each of the participating centres, and each subject gave written informed consent.
Echocardiography
Two-dimensional (2D) echocardiography was performed before device implantation (baseline) and at 1-year follow-up, following a study-specific protocol. 13 The echocardiographic core laboratory at Brigham and Women's Hospital performed the screening of the echocardiograms for quality, and the echocardiographic measurements relevant to the study. Left ventricular and atrial volumes were assessed by the biplane Simpson's method. LVEFs were calculated according to standard methods. 13 Reproducibility of the primary volumetric measurements has been previously demonstrated.
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The echocardiographic images of 1106 patients in this MADIT-CRT analysis (CRT-D, n = 677; ICD-only, n = 429) were analysed using the TomTec Arena software (v1.0, TomTec Imaging Systems, Unterschleissheim, Germany). Endocardial borders were traced in the end-systolic frame of the apical 4-and 2-chamber views, and automatically propagated over the course of two cardiac cycles. We stored 49 segmental LV longitudinal strain and one volume curves for a posteriori ML analysis. Previous studies report excellent reproducibility of the estimated LV myocardial deformation. 15 The reasons to exclude patients from the analysis included: images in non-DICOM format, frame rate < 30 Hz, missing of 4-or 2-chamber images, unacceptable 2D image quality, use of echocardiographic contrast agent, presence of endocardial dropout, or out-of-plane images.
Outcome measures
The primary endpoint of the trial was death from any cause or a non-fatal HF event, whichever came first. 10 The adjudication of the endpoints was carried out by an independent endpoint committee, unaware of patient randomization status. 10 In addition to determining the treatment effect on the primary outcome over an average follow-up of 2.3 years, we have also assessed the benefit on echocardiographic response at 1-year follow-up. input variables ranged from 0% to 15.6% in the case of right ventricular fractional area change. They were imputed using the imputeFAMD function within the missMDA package in R, 17 which allows imputing mixed datasets (with continuous and categorical variables) using a principal component method adapted for mixed data.
In addition to these common baseline characteristics, baseline LV strain and volume traces throughout the entire cardiac cycle as well as a temporal deformation vector (used to keep the relative changes in duration of the cardiac phases, relevant for improved HF characterization 2 ) were included in the further processing by the ML algorithm. In order to retain the wealth of data on LV geometry and deformation over a cardiac cycle contained in the traces, each one of them was defined and inputted to the algorithm as a set of data points (specifically, 102 variables per trace), instead of e.g. only a peak value (such as end-diastolic and end-systolic volume or peak systolic strain). Prior to analysis, these traces need to be referenced to a common temporal framework 18 (see online supplementary Methods S1). The 49 segmental strain traces available from the 2-chamber and 4-chamber views were converted into two basal, two mid-LV and two apical segments, by isolating and averaging groups of eight consecutive traces. The most apical trace was discarded.
The final input to the algorithm is shown in Figure 1 (left panel). For the 2-chamber and 4-chamber views of every patient, a total of eight echocardiographic descriptors (traces) were analysed per view ( Figure 1 , left panel): one volume trace, six strain traces, and one temporal deformation vector, which results from the temporal alignment step. Fifty clinical parameters inputted to the algorithm are listed in Table 1 . These echocardiographic descriptors (full traces) and baseline clinical parameters provided a total of 1682 input variables: each echocardiographic trace contains 102 data points, making a total of 1632 echocardiographic trace data points (8 traces x 2 views x 102 time instants) to which 50 clinical parameters were added. We then used unsupervised MKL ( Figure 1 , right panel), an ML algorithm already validated and extensively tested to combine cardiac motion data, 2 to convert the input dataset consisting of 1682 variables into a compact representation space where subjects are positioned according to their similarity, while blinded to the patient's outcome status with respect to both clinical events and volume response.
Once positioned in the compact representation space, subjects were clustered with the K-means algorithm ( Figure 1 , right panel) to identify phenotypically-distinct categories of CRT candidates. We ran the clustering algorithm with increasing number of predefined groups (from 3 to 8), however, the clinical interpretation of the clusters remained stable; ultimately, we chose the configuration that maximizes the statistical significance (minimizing P-value for trend, adjusted for multiple testing) of the treatment effect on the primary outcome among clusters (henceforth referred as phenogroups).
Further details about our unsupervised ML method can be found in the online supplementary Methods S1.
Comparison of clinical and echocardiographic characteristics; survival and treatment effect on primary outcome and left ventricular reverse remodelling
Categorical variables are expressed as counts and percentages, and differences among phenogroups were assessed using the chi-square and inter-group differences were calculated using ANOVA. A P-value of < 0.05 was considered statistically significant. The previous comparison was complemented with a physiologic interpretation of the found phenogroups in the form of a variability analysis of strain and volume patterns in the 2-chamber and 4-chamber views, using advanced regression techniques.
19 Kaplan-Meier estimates for HF or death in each phenogroup were determined and statistically compared with the log-rank test. Cox proportional hazards regression analyses were performed on each phenogroup to estimate the treatment effect on the primary endpoint. The treatment effect on volumetric response was expressed for every phenogroup as the difference between treated and untreated patients in LV end-diastolic volume index (LVEDVi) per cent change (from baseline to 1-year follow-up).
Stability and internal validation of the unsupervised machine learning model
We evaluated the generalizability of our dimensionality reduction solution assessing the correlation among low-dimensional space distributions obtained by analysing populations with an increasing number of subjects in common. We also checked the consistency among the K-means clustering configurations by computing the membership agreement when increasingly partitioning the space, from 3 to 8 clusters.
We assessed the stability of these results through internal validation, which involved running our ML algorithm in a randomly-selected portion of the database (75% = training set) to create clusters, finding the corresponding cluster for the remaining subjects (25% = validation set), and comparing both the training and the validation clustering solutions in terms of clinical characteristics and outcome. Further details on both the stability experiments and the internal validation can be found in the online supplementary Methods S1.
The ML algorithm as well as the regression technique used to analyse the variability of echocardiographic patterns among phenogroups were implemented using MATLAB (R2016b, 2016, The MathWorks Inc., Natick, MA, USA). Survival and treatment effect analyses were performed in Stata version 13 (StataCorp, College Station, TX, USA).
Results
Results of machine learning
The MKL algorithm reduced the dimensionality of the input data to equal the number of input subjects minus 1. However, only the first two dimensions of the output (low-dimensional) space were considered for clustering, as they encoded the most salient characteristics of these data. 2 Furthermore, they presented the highest standard deviations on the coordinates of subjects (with further dimensions showing a linear decay up to the sixth dimension, from which the standard deviation is > 98% smaller than the first dimension), and thus contributed to a higher extent to the cluster assignment computed by the K-means algorithm.
Baseline characteristics of patients by phenogroups
Baseline characteristics of the patients included in this analysis were comparable to the remainder of the MADIT-CRT study, as reported previously. Figure 2 ). This solution was better at identifying CRT responders than those obtained by independently analysing clinical parameters or complex echocardiographic descriptors alone (see online supplementary Methods S1). Phenogroups 1 and 3 were associated with the highest proportion of clinical characteristics known to be predictive of volumetric response to CRT 14 : phenogroups 1 and 3 comprised the highest proportion of patients with non-ischaemic cardiomyopathy (54.8% and 57.4%, respectively) and left bundle branch block (LBBB, 86.0% and 80.8%, respectively), the QRS duration was the longest in phenogroup 1, which was also the phenogroup with the lowest median age, while phenogroup 3 consisted of the largest proportion of female patients. Conversely, phenogroups 2 and 4 were associated with the highest proportion of male patients and ischaemic origin of HF, as well as the lowest proportion of patients with LBBB morphology on the elctrocardiogram.
The values of systolic blood pressure were the lowest and heart rate was the highest in phenogroup 1; this was also the phenogroup with the highest proportion of patients receiving diuretics and aldosterone antagonists. There was no significant difference in the proportion of patients receiving beta-blockers or angiotensin-converting enzyme inhibitors/angiotensin receptor blockers among the four phenogroups. In addition to the clinical and echocardiographic characteristics of the studied patients, the MKL algorithm also included data on LV volume traces and longitudinal strain traces. Representative 'fingerprints' of such traces are shown for each phenogroup in Figure 3 . In phenogroup 1, the LV strain curves show late systolic stretch of the apical septal segment and a mirrored contraction of the apical lateral wall -a feature described as a part of the LBBB-related septal flash pattern. The volume trace shows a delayed peak, i.e. tardily achieved end-systolic volume. These patients had the largest LV end-diastolic volumes and the lowest LVEF values. The strain curves in phenogroup 2 show nearly absent deformation only in the apical anterolateral region, with a normal shape of the strain trace and lower peak values in the septal and inferior regions. Along with phenogroup 3, these were the least dilated ventricles with the highest LVEF values. In phenogroup 3, there is early deformation of the apical septum while some early stretch is present in the lateral traces, mirroring an early deformation of the apical septum. Phenogroup 4 exhibits nearly absent deformation in the basal inferoseptum with very low deformation in all apical regions and somewhat preserved deformation in the basal anterolateral wall -this pattern is indicative of large apical infarcts extending to the inferoseptum. Although the volume curve in phenogroup 4 peaks early, these patients also have markedly remodelled left ventricles.
Comparison of survival among phenogroups
The natural course of disease, as assessed in the ICD-only subgroup of patients, varied among the phenogroups (Figure 4 which the primary event occurred in 15.4% of the patients in the ICD-only subgroup (2.1% of the patients died, 9.8% were hospitalized for HF and the remaining 3.5% had an out-of-hospital HF event). Conversely, the untreated patients in phenogroup 1 had the highest incidence of the primary event, occurring in 38% of patients (1.4% had an all-cause death, 33.8% were hospitalized for HF and 2.8% had a HF event not requiring hospitalization). Overall, the primary outcome occurred in 220 patients from the current analysis, and differed significantly among phenogroups: it occurred most frequently in phenogroups 1 and 4 [41 patients (26.1%) and 79 patients (27.4%), respectively] and was least represented (Figure 4, left panel) . All-cause death did not differ significantly among the phenogroups; the difference in the primary endpoint was mainly driven by a significant difference in the occurrence of HF requiring hospitalization, occurring most often in phenogroups 1 and 4 (21.0% and 20.5% of patients, respectively) and least frequently in phenogroups 2 and 3 (10.3% and 11.3% of patients, respectively).
Effect of treatment on primary outcome and left ventricular reverse remodelling
The effect of CRT-D treatment, compared to ICD-only, on the primary outcome of death or HF event assessed among the four phenogroups by Cox proportional hazard analysis is depicted on Figure 4 Phenogroups 2 and 4 benefited from CRT-D therapy to a lesser extent compared to the overall cohort; however, the non-response did not reach statistical significance. A significant treatment effect on LV reverse remodelling, defined as LVEDVi per cent change, was noted in all phenogroups (Figure 4 , right panel). However, phenogroup 3, characterized by a lower severity of ventricular remodelling at baseline, was identified to be associated with a substantially better volume response: in this phenogroup, CRT-D treatment was associated with an average 18.8% decrease in LVEDVi, when corrected for ICD-only treatment (95% CI −21.2 to −16.4; P < 0.0001). A marked volume response was also detected in phenogroup 1 with an average 18.2% decrease in LVEDVi (95% CI −21.9 to −14.6; P < 0.0001), while patients in phenogroups 2 (HR −13.6, 95% CI −15.8 to −11.5; P < 0.0001) and 4 (HR −14.2, 95% CI −16.8 to −11.5; P < 0.0001) showed the lowest amount of LVEDVi per cent change within 12 months.
Stability and internal validation
The similarity among low-dimensional space distributions increased with the number of subjects in common at the input of Hazard Ratio for Primary Outcome (Death from any cause or HF Hospitalization) the ML analysis, resulting in excellent correlation when the subjects in common were above 500 (Pearson correlation coefficient > 0.90). We also observed a high degree of consistency across clustering configurations from 3 to 8 clusters. Lastly, similar trends were observed in the clinical parameters and the treatment effect when comparing the training and validation clustering configurations, emphasizing the capacity of our model to predict outcomes for new, unseen data. All these results are detailed in the online supplementary Methods S1.
Discussion
In this analysis we have shown that unsupervised ML allows for a novel integration of entire cycle-wide LV volume and deformation traces from echocardiography, rather than only single data points, which can be combined with extensive clinical and medication parameters to phenotype patients with complex diseases such as HF. We have also demonstrated the added value of combining both sets of descriptors to find subjects that are more likely to respond to CRT, compared to the results obtained by independently analysing clinical parameters or complex echocardiographic descriptors alone. Our results serve as a proof-of-concept that unsupervised ML-based approaches can be used to combine both standard clinical parameters and complex echocardiographic data to provide a clinically interpretable and meaningful classification of . 
Integrating echocardiographic tracings to address the heterogeneity of a heart failure population
Heart failure is a multifaceted syndrome and response to therapies is based on multiple clinical and imaging parameters as well as biomarkers. Traditional methods to define phenotypes and predict outcomes within groups of individuals with HF rely on the elucidation of individual phenotypic subgroups that focus on isolated characteristics (i.e. aetiology of HF, QRS morphology, presence or absence of specific co-morbidities, cardiac structure and function, etc.). Furthermore, while assessment of cardiac structure and function using current echocardiographic analysis tools can identify subgroups of HF patients at higher risk for adverse outcomes, 20 standard approaches ascribe risk to a limited amount of individual measurements in a unidimensional fashion. Namely, data on cardiac structure and function provided by echocardiography contain a plethora of information representing multiple time points in a cardiac cycle (the number of data points corresponds to the frame rate of the acquired images), but are typically under-exploited in standard quantitative data analyses and replaced by single measurements, thus failing to summarize the complexity of events over the cardiac cycle. Unlike previous studies that aimed, but failed, at finding a single echocardiographic measure of dyssynchrony to improve patient selection for CRT beyond current guidelines, 21 we integrated echocardiographic imaging in a more comprehensive and novel manner by integrating entire LV volume and strain patterns throughout the cardiac cycle rather than utilizing single measures such as LV end-diastolic and systolic volume or global longitudinal strain. By integrating over 1600 data points per cardiac cycle, this method also is able to incorporate complex patterns of regional cardiac function that are impossible to describe parametrically. These algorithms thus combine a detailed analysis of cardiac dynamics over an entire cardiac cycle with an extensive set of clinical parameters. It is often emphasized that the management of HF patients requires improved integration of clinical data with echocardiography -the most widely used and accessible diagnostic tool for a comprehensive assessment of cardiac structure and function. Indeed, ML allows for the integration of very large amounts of continuous and discrete variables pertinent to clinical characteristics, laboratory values, electrocardiographic parameters and commonly analysed echocardiographic variables, as has been applied in HF and other cardiovascular diseases. Unsupervised ML techniques, such as the MKL version that we have utilized in this study, offer the advantage of exploiting these full acquired datasets to compare similarities amongst patients without assumptions on which single measurements (data points) are most relevant for the studied patient population. In addition to tissue Doppler trace analysis in HF with preserved ejection fraction patients, 22 the analysis of LV strain traces has previously been performed in a study of 60 patients with acute myocardial infarction by applying principal component analysis. 23 Furthermore, the prediction of CRT response was also attempted in a smaller cohort of 34 CRT candidates. 24 The strengths of our analysis as compared to both of these studies is in the use of a non-linear (more adequate to process cardiac motion patterns, compared to principal component analysis 2 ) and unsupervised analysis technique (compared to supervised MKL 24 ), thus better suited to agnostically partition a population into homogeneous groups. Importantly, the richness of the analysed data obtained by integrating entire volume/strain traces provides enough information to enable identification of phenogroups (which have been 'agnostically' defined by the K-means algorithm) of patients with similar (but not identical) properties without prior assumptions on outcomes. The performed dimensionality reduction aids in extracting the relevant clinical characteristics of the phenogroups, providing (patho)physiologically relevant and interpretable results. Indeed, ML has previously been successfully employed in the diagnosis, classification and prognostication of HF cohorts. 1, 25 In addition to the achieved advancements and ongoing efforts in the field, 26 we believe that the approach proposed in this analysis contributes to this growing field by providing novelty and strengthening the integration of detailed imaging data with standardly utilised clinical variables in an ML analysis dedicated to providing clinically interpretable results. Namely, our analysis was superior at identifying CRT responders compared to independently analysing clinical parameters or complex echocardiographic descriptors alone, which did not provide phenogroups with statistically significant . Positioning unsupervised learning in the spectrum of machine learning approaches and the utility of interpretability
The current data analysis trend is towards powerful approaches such as deep learning, which uses neural networks to solve complex pattern recognition problems 27 such as object 28 and speech 29 recognition, but requires immense collections of data (often lacking in clinical medicine) to make reliable predictions. 27 Furthermore, the 'black-box' nature of this methodology often provides results difficult to interpret. 27 Human interpretability is increasingly recognized as a highly relevant feature of ML methodologies, crucial in efforts towards data-driven precision medicine, based on informed and auditable decisions. Thus, we opted for a 'simpler' and less data-demanding analysis approach, for which we reinforce aspects of interpretability ( Figure 5 ). This approach was specifically designed to combine heterogeneous data in an unsupervised way, which ultimately allows finding groups of patients with similar characteristics and therapy response. Our unsupervised analysis approach, rather than classifying based on a priori knowledge as done in a recent study targeting the same clinical problem, 30 allows for natural clustering of patients, and results in the identification of patient subgroups with defined treatment effects. Unlike the work by Kalscheur et al., 30 where the authors used a Random Forest regression model to predict outcome, we emphasized the interpretability of our model, which allows exploring the computed data 'universe', and highlights the data features that are relevant to the clinical hypothesis under study. This provides for a more meaningful description and distinction of specific patient groups within the cohort. Specifically, phenogroups 1 and 3 showed marked response to CRT (both in primary outcome and volume response) and shared similar clinical attributes known to be predictive of (volume) response to CRT while the LV strain traces revealed an LBBB-related strain pattern. In contrast, phenogroups 2 and 4 represented the non-responder groups, characterized by a low proportion of LBBB, high proportion of ischaemic heart disease and LV strain patterns consistent with ischaemia/scar. Phenogroup 2 consisted of patients with the least severe course of disease -those with the lowest NYHA class, lowest diuretic use and the least remodelled left ventricles. We postulate that, in conjunction with a different HF substrate (predominantly ischaemic heart disease and other co-morbidities), this lead to a lack of response to CRT. Conversely, those in phenogroup 4 exhibited a larger amount of biventricular remodelling and extensive scarring on the LV strain traces with a high primary outcome rate in the ICD-only subgroup, possibly inferring a more advanced stage of ischaemic heart disease, too advanced to respond to CRT (Figure 2) . In summary, a combination of beneficial clinical parameters and strain patterns (some known to be typically associated with LBBB and describing LV mechanics in CRT responders) appear to predict a beneficial treatment effect of CRT, superior to echocardiographic and clinical
Figure 5
The comparison of current clinical practice and machine learning in the approach to diagnosis and clinical decision making. Both approaches utilize similar 'input' sources, and depending on clinical experience or machine learning approach chosen, can use more or less complex data. Also, both approaches can be based on either interpretable reasoning or black box reasoning. While outcome data for a specific patient are known only a posteriori in clinical practice, most machine learning approaches integrate these data a priori. The proposed phenotyping approach based on dimensionality reduction of complex patterns and unsupervised grouping is agnostic to outcomes, allowing for phenogroup interpretation based on the integration of outcomes data a posteriori (dashed line). EDV, end-diastolic volume; GLS, global longitudinal strain; WT, wall thickness; EF, ejection fraction. parameters alone. Contrasting clinical features and strain patterns revealing more non-deforming regions suggest less successful treatment by CRT.
In the current manuscript, we did not aim to set out a specific 'model' or scoring system for the prediction of response to CRT, which we believe requires further tool development as well as external validation. Rather, we aimed to ascertain the potential of unsupervised learning approaches in novel phenogrouping of a HF cohort, extended by its application in the prediction of response to a specific therapy, and to demonstrate the benefit of integrating complex imaging data and clinical parameters to accomplish robust phenogrouping. We believe that the novelty predominantly lies in the described methodology, and perhaps less so in the features detected to be associated with CRT response: while this agnostic . we were able to accomplish this in a multivariable manner using both clinical and imaging-based data, rather than by comparison of unidimensional subgroups. Our study is timely, since our echo-based analyses could be relatively easily programmed into echocardiographic post-processing equipment that already does extract the kind of deformation descriptors that we have used.
Limitations
Several limitations of this study should be acknowledged. The results are confined to a selected population of patients with mild HF enrolled in a clinical trial with robust inclusion and exclusion criteria, which have thus determined the input data to the algorithm. A longer follow-up time than the average of 2.3 years available in our cohort may have been beneficial. Furthermore, an inherent limitation of echocardiographic studies applies to our study as well: the quality of data relies on acquired images and their quality, which was however minimized by excluding echo studies with unacceptable 2D image quality. Although our analysis approach is unsupervised, some human intervention in the form of specification of the most meaningful clustering configuration was required. We demonstrated the overall stability of our results with different database sizes and different sets of descriptors; however, as with all statistical modelling, the results are dependent on the input data, and careful interpretation is needed to guarantee the generalizability of the results. Due to the overlapping between phenogroups, our findings lose power in areas close to the frontier between clusters ('grey zone'). However, if more subjects and clinical descriptors were available, our implementation would allow a more detailed phenotyping, enabling a more patient-specific approach. In such scenario, for every new case the algorithm could suggest similar subjects from its records and provide statistics on the likeliness that a certain subject may develop a disease (diagnosis) or may evolve in a determined way with time or therapy (prognosis). Finally, while external validation would be optimal, a comparable dataset is difficult to obtain, particularly in view of the detailed baseline characteristics and outcomes of the cohort, as well as in respect to the completeness of the dataset. However, we have assessed the stability of our data through internal validation (online supplementary Methods S1).
Conclusion
This analysis confirms the utility of unsupervised ML for a novel approach to the integration of complex echocardiographic data (data on LV volume and deformation throughout the cardiac cycle instead of single data points) with clinical parameters to phenotype patients with HF with reduced ejection fraction. Our results serve as a proof-of-concept that fully unsupervised ML approaches can provide an interpretable and clinically meaningful classification of a heterogeneous cohort of HF patients, creating a basis of a data-driven platform that might aid in identifying patient subgroups most likely to respond to specific therapies. The feasibility and novelty of the proposed model for patient phenogrouping in HF and its added value in clinical decision making should be evaluated in a prospective controlled trial.
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